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Fig. 1: GraphVid enables controllable multi-object image-to-video genera-

tion through interaction graphs. Starting from an input frame, GraphVid con-
structs a scene graph that represents entities and their interactions. Users can directly
modify these interactions by interacting with the image to specify desired dynamics.
The edited interaction graph is then translated into conditioning tokens that guide a
frozen video di!usion backbone to generate a coherent video sequence.

Abstract. Controllable video generation remains challenging due to
the di"culty of specifying precise multi-object interactions using text
prompts or motion-control inputs that primarily constrain pixel move-
ment. In practice, trajectory-based control often requires users to draw
accurate tracks for multiple objects, which scales poorly with scene com-
plexity and becomes ambiguous under occlusion or overlap. To enable
flexible yet precise multi-subject control, we introduce GraphVid, a
graph-conditioned image-to-video generation model that enables inter-
active control through structured interaction graphs. We further cu-
rate GraphVid-Bench, a large-scale interaction-centric video dataset
with structured relational annotations to enable training of interaction-
aware video generation models. Despite using substantially less training
data and fewer trainable parameters than prior motion-control methods,
GraphVid delivers strong controllability and video quality. Compared
with Motion-I2V, GraphVid reduces FID by up to 39.9% and FVD by
37.6%, while improving PSNR (9.87→15.98) and SSIM (0.38→0.61). Our
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results highlight the potential of structured semantic interfaces as a pow-
erful paradigm for controllable video generation.

PLAN Lab https://plan-lab.github.io/graphvid
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1 Introduction

Image-to-Video (I2V) generation has attracted increasing attention in generative
modeling [5, 34, 42, 43, 45]. Given a single image, the goal is to synthesize a
temporally coherent video that preserves visual identity while producing realistic
motion. This task is inherently challenging since the model must infer plausible
temporal dynamics from a single static frame, where motion, interactions, and
physical evolution are fundamentally ambiguous. As a result, generating videos
that are both temporally consistent and physically plausible remains di!cult.

Recent work on controllable I2V generation has largely focused on trajectory-
conditioned motion control [8,29,42,53]. Methods such as Motion Prompting [10],
Wan-Move [8], MagicMotion [32], and Motion-I2V [42] guide di"usion-based
video models using explicit motion signals, including point trajectories, optical
flow, segmentation masks, or sparse bounding boxes. These signals are trans-
formed into dense motion representations and injected into the generative back-
bone through mechanisms such as ControlNet [58] adapters, latent feature ma-
nipulation, or motion-aware attention, enabling user-specified object and camera
motion while preserving appearance. Among these, Wan-Move achieves strong
performance by directly modifying latent conditioning features of a large-scale
Di"usion Transformer (DiT) [37] model and training on millions of videos, im-
proving motion fidelity and generalization. However, these methods treat motion
primarily as geometric displacement, overlooking the physical causes governing
object dynamics. To address this, a few physics-aware approaches introduce con-
trol signals based on forces or velocity fields to model object interactions [12,39],
jointly model visual and latent physical dynamics [41], or incorporate structured
physical knowledge by injecting textual descriptions, qualitative categories, and
quantitative physical properties through physics-aware attention [49].

Despite recent progress, existing approaches for controllable video generation
remain limited in how they model scene dynamics: (1) Current physics-aware
approaches introduce control signals based on forces, velocities, or structured
physical annotations [12,39,49]. However, these methods typically encode physics
as low-level control fields or predefined categories, which limits their ability to
represent complex interactions between multiple entities in open-domain scenes.
(2) Methods that condition on low-level geometric cues can make control cum-
bersome in multi-object scenarios, as users must author accurate signals for
each object, and small errors in a few controls can yield globally implausible
motion (e.g ., inconsistent contact, sliding, penetrations, or desynchronized be-
havior). (3) Moreover, both trajectory-based and physics-conditioned methods
rely heavily on large-scale curated datasets containing dense motion annota-
tions, trajectories, optical flows, or physics labels, which are expensive to obtain
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and di!cult to scale across diverse environments. For instance, Wan-Move [8] is
trained on 2M samples, Motion Prompting [10] uses 2.2M, and Motion-I2V [42]
is trained on 10M samples. This dependence restricts the practicality and gen-
eralization of existing controllable video generation pipelines.

To address these limitations and enable flexible interactive multi-object con-
trol, we introduce GraphVid, a graph-conditioned image-to-video generation
framework that represents motion control through directed interaction scene
graphs. Starting from an input image, GraphVid constructs a scene graph over
detected entities with relational edges describing interactions (Figure 1). Users
interact directly with the image to specify desired dynamics, and the edited inter-
action graph is then translated into conditioning tokens that guide a frozen video
di"usion backbone to generate a coherent video sequence. To model interaction-
driven dynamics, we introduce Edge-Aware Graph Reasoning, which conditions
message passing on directed edge attributes so that object representations explic-
itly reflect their relational roles before being mapped to di"usion conditioning.
By injecting this representation into a pretrained video DiT model and using
LoRA modules in attention layers, the model learns to animate the scene us-
ing its own generative priors while respecting the specified interaction structure,
enabling a more intuitive and interactive mechanism for motion control. To sup-
port training, we construct GraphVid-Bench, an interaction-centric dataset
of →27K video clips paired with explicit interaction graphs. Despite using →24↑
fewer parameters and substantially less training data, GraphVid achieves com-
petitive performance with state-of-the-art motion-control video generation meth-
ods, significantly improving perceptual quality and reconstruction fidelity, and
reducing FID by up to 39.9% and FVD by 37.6% compared to Motion-I2V, while
improving PSNR (9.87→15.98) and SSIM (0.38→0.61). Our contributions are:
• We propose GraphVid, to the best of our knowledge, the first framework

that enables interactive control of multi-object dynamics through directed
interaction scene graphs constructed from a single image. GraphVid’s graph-
to-token conditioning interface injects interaction-aware representations into a
frozen video di"usion transformer using parameter-e!cient LoRA adaptation,
enabling structured control without degrading pretrained generative priors.

• We introduce an Edge-Aware Graph Reasoning module that conditions
graph message passing on directed edge attributes, allowing model representa-
tions to capture complex multi-object relations and interaction-driven motion
propagation across multiple entities.

• We curate GraphVid-Bench, a high-quality interaction-centric video gen-
eration dataset of →27K video clips paired with structured interaction graphs
to support training and evaluation of relational video control.

• Despite requiring only 0.6B trainable parameters and achieving the fastest in-
ference time among competing methods, GraphVid delivers substantial quality
gains across perceptual and reconstruction metrics, reducing FID by 34.5%
(25.98↓ 17.02) and FVD by 7.8% (107.89↓ 99.42), while increasing PSNR
by 5.9% (15.08↓15.98) and SSIM by 15.0% (0.53↓0.61) compared to WISA
(physics-centric text inputs), and outperforming trajectory-based baselines
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such as Tora (FID ↔30.3%, FVD ↔10.0%, PSNR +41.7%, SSIM +12.9%) and
Motion-I2V (FID ↔39.9%, FVD ↔37.6%, PSNR +61.9%, SSIM +60.5%).

2 Related Work

Video Generation. Recent advances in generative modeling have significantly
improved the quality and scale of video generation systems [4,48,56]. Early ap-
proaches extended image di"usion models to the temporal domain using U-Net
backbones and temporal modules to capture motion dynamics [14, 15]. Subse-
quent work introduced latent video di"usion and motion-conditioned architec-
tures to improve temporal consistency and scalability [22, 55]. More recently,
large-scale di"usion transformers (DiTs) have emerged as the dominant archi-
tecture for high-quality video synthesis. Models such as CogVideoX [56] and
Wan [48] demonstrate that scaling transformer-based di"usion models enables
long-range temporal coherence and improved visual fidelity. Recent works start
from such strong pretrained video backbones and add a small number of trainable
parameters that inject the desired control signal while preserving the backbone’s
generative priors [8,31,42,52]. This trend reflects both compute constraints and
the empirical observation that large-scale backbones already encode rich appear-
ance and temporal dynamics [10, 12, 29, 40, 44]. GraphVid follows this paradigm
by keeping the video backbone frozen and learning lightweight modules that map
structured interaction cues into conditioning tokens for generation.
Controllable Video Generation. While general video generation models can
synthesize realistic videos, controlling the generated content remains a major
challenge. Early controllable generation approaches introduced conditioning sig-
nals such as pose, depth, or motion trajectories to guide video synthesis [10,29,
42]. Other works explored editing-based pipelines that modify existing videos
while preserving temporal consistency [11, 28, 33]. More recent methods focus
on integrating structured conditioning signals or intermediate representations
to enable more precise control. For example, models can condition on spatial
layouts [18, 50], motion fields [29, 42], or object trajectories [53, 57] to guide
generation while maintaining coherence with pretrained video backbones. De-
spite their strong performance, trajectory-based methods rely heavily on dense
point-tracking supervision [24], making them data-intensive and di!cult to scale
to higher-level relational reasoning and complex interactions between objects. In
contrast, we propose GraphVid, which represents interactions as a directed scene
graph and explicitly models multi-object control using an edge-aware GNN to
generate more plausible and physically consistent videos.
Scene Graphs for Visual Generation. Scene graphs provide a structured rep-
resentation of objects and their relations within a scene and have been widely
studied for image understanding and generation [7, 9, 25, 30], 3D scene under-
standing [1, 36, 47], compositional and commonsense reasoning [20, 26], etc., en-
abling models to reason about compositional structure and object interactions.
Recent graph-to-video formulations support compositional generation from object-
centric interaction graphs [3]. In contrast, GraphVid targets interactive control
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Fig. 2: GraphVid Overview. From an input image, objects are detected and encoded
into node embeddings, while an MLLM extracts relational edges to construct an initial
interaction graph. Edge-aware graph reasoning converts node and edge representations
into conditioning tokens that guide a frozen video di!usion transformer to generate
interaction-consistent video dynamics.

with an interaction-grounded graph and learns lightweight modules that trans-
late graph cues into conditioning tokens compatible with a video generation back-
bone, enabling structured control while retaining the backbone’s strong priors.

3 Method

We present GraphVid, a framework for controllable image-to-video (I2V) gen-
eration from a single conditioning image. The key idea is to represent user intent
as a structured interaction graph over entities in the scene, and to interface this
graph with a large pretrained video di"usion transformer using a lightweight
graph-to-token adapter and LoRA-based conditioning. By keeping the backbone
frozen and learning only small modules, GraphVid introduces structured, object-
centric control while preserving the strong generative priors of the pretrained
model. Figure 2 presents an overview.

Given a conditioning image I0, our goal is to generate a video sequence
{It}Tt=1 that follows a user-specified set of object interactions. To express scene
dynamics compositionally, we construct an attributed directed interaction graph
G = (V,E), where each node vi ↗ V corresponds to an entity detected in I0 and
each directed edge eij ↗ E encodes a relation type rij ↗ R from object i to
object j (e.g ., push, pull, lift, hold), describing how entities influence each other,
and optional qualitative physical cues (e.g . coarse direction and magnitude),
allowing users to describe scene dynamics in intuitive relational terms. Unary
directives that involve a single entity are represented as self-loop edges eii (e.g .,
rotate, move, scale). We aim to learn a conditional video generator that models
p(I1:T | I0, G) where I1:T = {It}Tt=1 denotes the T generated frames.
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Fig. 3: GraphVid Edge-Aware Graph Reasoning. Node and edge embeddings are
encoded into temporal latents and processed by our proposed edge-aware GNN that
injects interaction semantics directly into message passing. The resulting graph embed-
dings capture relational dynamics between entities and are mapped into conditioning
tokens that modulate a frozen di!usion video backbone via LoRA adapters.

Node Representations. We extract object entities from the input frame I0
using a pre-trained vision-language detector. For each detected object vi, we
construct a unified feature vector by fusing: (i) a visual embedding fvisi ↗ Rdv

extracted by encoding the region of I0 inside the object’s bounding box bi and
pooling the resulting features, and (ii) a text embedding f txti ↗ Rdt encoding the
object label. Normalized bounding box coordinates bi ↗ R4 are concatenated
with these embeddings to form a representation xi = [fvisi ↘ f txti ↘bi] that jointly
captures object appearance, semantic identity, and spatial grounding.
Edge Representations. Each directed edge eij is represented with an open-
vocabulary textual descriptor of the intended interaction between the source and
target entities. Edges are encoded using a text embedding model to obtain the
edge feature eij ↗ Rde .

3.1 Edge-Aware Graph Reasoning

Standard GCNs treat edges as binary connectivity signals and primarily prop-
agate node features across the graph [17, 27]. However, in physical interaction
modeling, the type of relationship between objects directly determines their mo-
tion dynamics and implies fundamentally di"erent motion patterns and causal
e"ects. Ignoring these relational attributes reduces the graph to simple spa-
tial adjacency and prevents the model from reasoning about how interactions
influence object behavior. To address this, we employ an edge-aware Graph Iso-
morphism Network (GINEConv [54]) that explicitly incorporates edge semantics
during message passing. As illustrated in Figure 3, node and edge features are
first projected into a shared hidden space h(0)

i = ωn(xi), aij = ωe(eij), where
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ωn and ωe are learnable MLPs that map node/edge features to a common em-
bedding space Rdh . We then apply L GINEConv layers to propagate relational
information across the graph

h(l+1)
i = MLP(l)



h(l)
i +

∑

j→N (i)

ReLU(h(l)
j + aji)



 . (1)

Unlike standard GCNs, the GINE formulation injects edge attributes directly
into the aggregation step, allowing interaction semantics to influence node up-
dates. Consequently, each node representation is conditioned not only on neigh-
boring objects but also on the physical relationships governing their interactions.
After L layers, we obtain interaction-aware node embeddings hi ↗ Rdh that en-
code both object identity and its dynamic relational state within the scene.
These embeddings provide the downstream generative model with a structured
representation of which entities should move and how they interact, enabling
more physically coherent video generation.

3.2 Graph-to-Video Adapter

Modern Di"usion Transformers (DiTs) trained on large-scale video datasets pro-
vide strong spatio-temporal priors for video generation [35, 56]. Training such
models from scratch is computationally prohibitive and may compromise the
rich generative capabilities learned from large-scale data. Therefore, we leverage
a pretrained DiT backbone [16] and keep it frozen, introducing a lightweight
adapter that converts graph embeddings into conditioning tokens compatible
with the transformer’s input space.

Each interaction-aware node embedding hi is therefore projected into the
transformer latent space as zi = MLP(hi) ↗ Rdl , where dl denotes the hidden
size of the pretrained DiT. Each zi is treated as a semantic conditioning token.
Since scenes contain varying numbers of objects, node sequences are padded to
a maximum length Nmax. The resulting tokens, concatenated with edge text
tokens, are passed as encoder hidden states. This enables the transformer’s self-
attention to reason over entity interactions and translate graph structure into
motion during generation.

3.3 Training Objective

Since the pretrained DiT backbone is kept frozen to preserve its strong gen-
erative priors, the model requires a lightweight mechanism to adapt to the
new graph conditioning modality. We therefore inject Low-Rank Adaptation
(LoRA) [21] modules into the Q, K, V, and output projection layers of each
transformer block. Modulating these attention projections allows the model to
incorporate graph tokens into the attention computation while introducing only a
small number of trainable parameters. This enables the transformer to attend to
interaction-aware graph embeddings without modifying the pretrained weights.
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We train GraphVid using the flow-matching objective employed by the pre-
trained di"usion model. Given a target video x0, we encode it into the latent
space and sample a timestep t → p(t) from a logit-normal distribution. Noise is
then added to obtain the noisy latent xt. The model is optimized using loss

LCFM(ω) = Ec→I0,G Et→p(t) Ex0→pdata(·|c), x1→N (0,I)

[∥∥vω(xt, t, c)→ (x1 → x0)
∥∥2

2

]
,

(2)
where xt = (1↔ t)x0 + tx1. During training, only the GNN parameters, Graph-
to-Adapter MLP layers, and LoRA modules are updated (as ε), while the VAE
and DiT backbones remain frozen. This design enables end-to-end learning of a
di"erentiable interactive/symbolic-to-latent mapping from interaction graphs to
video dynamics while retaining the pretrained model’s generative capabilities.

4 GraphVid-Bench Dataset

Current video generation benchmarks primarily rely on text prompts [23] or low-
level motion cues [8], which provide limited control over object-level interactions.
However, many real-world dynamics are fundamentally relational, where actions
emerge from how entities interact with one another (e.g ., a person turning their
head, an object moving relative to its surroundings). To enable structured control
over such dynamics, we introduce GraphVid-Bench, a dataset that pairs videos
with interaction graphs describing entities and their directed interaction cues.

Table 1: GraphVid-Bench statistics across
↑27K curated videos. Interaction complexity high-
lights the prevalence of multi-entity dynamics.

Metric Mean Med. Std.

Nodes / Graph 7.76 5.0 8.03
Edges / Graph 4.85 4.0 3.46

Interaction Complexity

No-Interaction (N=0) 3881
Single-Interaction (N=1) 10982
Multi-Interaction (N>1) 12641

GraphVid-Bench contains
approximately 27K interaction-
centric video clips. To ensure
consistent training and evalu-
ation, all clips are standard-
ized to 81 frames at 16 fps.
Each video is paired with a di-
rected interaction graph where
nodes represent scene entities
and edges encode interaction
cues between them. Node at-
tributes include visual features,
semantic labels, and spatial in-
formation, while edges capture the type and direction of interactions that influ-
ence scene dynamics. As shown in Table 1, the dataset exhibits diverse structural
complexity, with an average of 7.76 nodes and 4.85 edges per graph. In total,
10,982 samples contain a single interaction, and 12,641 contain multiple inter-
actions (N > 1). As illustrated in Figure 4, GraphVid-Bench covers a broad
spectrum of canonical physical interactions. The co-occurrence statistics further
reveal that many interactions appear jointly within the same clips, indicating
that real-world dynamics frequently involve multiple interacting primitives. We
also include 3,881 samples with no explicit interactions (N = 0). These scenes
contain natural object motion without direct entity-to-entity interactions, pro-
viding a baseline for learning general video dynamics. Since GraphVid allows
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(b) Co-occurrence Statistics.
Fig. 4: Interaction statistics in GraphVid-Bench dataset. (a) Frequency of
interaction primitives, grouped into four categories (force & manipulation, kinematics
& motion, physical contact, and support & position). (b) Interaction co-occurrence
matrix captures interaction primitives appearing together within the same video se-
quences. The co-occurrence of manipulation and motion primitives shows that real-
world dynamics are inherently compositional, motivating the use of structured inter-
action graphs for controllable video generation.

users to add interaction edges at inference time, such samples help the model
learn how scene behavior changes when new interactions are introduced. Ap-
pendix A provides additional details on the dataset curation process.

5 Experiments

5.1 Implementation Details

GraphVid leverages the pretrained LTX-Video [16] Di"usion Transformer as
backbone for video generation. The DiT backbone and the VAE encoder–decoder
are kept frozen during training. Object entities are extracted from the condi-
tioning image using Qwen3-VL [2]. For each object, we obtain a dv = 8192-
dimensional visual embedding using mean and max pooling over object crops, a
dt = 2560-dimensional text embedding for the object label, and normalized
bounding box coordinates. These are concatenated to form a dn = 10756-
dimensional node feature vector. Physical interactions between objects are en-
coded using Qwen3-Embedding [59], producing edge attributes of dimension
de = 2560. During edge-aware graph reasoning, node and edge features are
projected to a hidden dimension of d = 512, producing interaction-aware node
embeddings. Node embeddings are projected to the LTX transformer hidden
size using an MLP, mapping 512-dimensional graph embeddings to 4096 dimen-
sions. Target videos are encoded into latent space using the pretrained VAE,
and noise is injected at timesteps sampled from a logit-normal distribution. We
employ LoRA modules of rank 128. During training, only the GNN parameters,
graph-to-adapter projection layers, and LoRA weights are updated.
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Table 2: Quantitative comparison on interaction-centric MoveBench sub-

set. GraphVid achieves competitive performance across all metrics while using signifi-
cantly fewer parameters and training data. Best and second-best are highlighted.

Method

Train

Data

Trainable

Params (B)

Inference

(s)↓ FID↓ FVD↓ PSNR↔ SSIM↔ EPE↓

Wan-Move [8] 2M 14.5 1800 15.56 82.17 17.21 0.61 2.6
Motion-I2V [42] 10M 1.2 790 28.32 159.32 9.87 0.38 3.9
Tora [60] 630K 5 1200 24.45 110.47 11.27 0.54 3.3
MagicMotion [32] 23K 1.5 750 26.57 105.12 12.04 0.51 3.2
WISA [49] 80K 1 1000 25.98 107.89 15.08 0.53 4.1
FlashMotion [31] 23K 13 677 19.02 104.12 14.04 0.56 3.8
GraphVid (Ours) 27K 0.6 200 17.02 99.42 15.98 0.61 2.9

5.2 Experimental Setup

For evaluation, we establish a MoveBench [8] subset focused on interaction-
centric scenarios as the primary evaluation suite. Since GraphVid emphasizes
physics-aware relational control rather than explicit pixel-level motion supervi-
sion, we prioritize metrics that assess overall video quality, temporal coherence,
and structural fidelity. In addition, we evaluate performance on a subset of the
distilled MoveBench containing only multi-object interaction scenarios, allow-
ing us to assess the e"ectiveness of GraphVid in more complex settings where rea-
soning over interactions between multiple entities is required. We report Frechet
Video Distance (FVD) [46], Frechet Inception Distance (FID) [19], Peak Signal-
to-Noise Ratio (PSNR), and Structural Similarity Index (SSIM) [51] to measure
visual quality. We additionally report End-Point Error (EPE) [10], the average
displacement between predicted and ground-truth optical flow, which directly
measures whether the generated motion follows the intended interactions. Addi-
tional details can be found in Appendix B.

5.3 Quantitative Results

Table 2 compares GraphVid with existing controllable video generation meth-
ods on the interaction-centric MoveBench benchmark subset, where GraphVid
achieves competitive performance across all metrics while requiring substantially
fewer training samples, significantly fewer trainable parameters, and faster infer-
ence. Among prior approaches, WISA [49] is the most closely related method that
explicitly incorporates structured physical knowledge into the video generation
process. Compared to WISA, GraphVid achieves a substantial improvement in
perceptual quality and reconstruction fidelity. In particular, GraphVid reduces
FID from 25.98 to 17.02 and FVD from 107.89 to 99.42, corresponding to a
34.5% and 7.8% improvement, respectively, indicating significantly better visual
realism and distribution alignment with ground-truth videos. Similarly, SSIM
improves by 15.0%, and PSNR by 5.9%, demonstrating that our graph-based
interaction modeling produces frames that are both sharper and structurally
more consistent. This advantage also holds for motion accuracy, with GraphVid
reducing EPE from 4.1 to 2.9, a 29.3% improvement over WISA, and achieving
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Table 3: Multi-object quantitative comparison on interaction-centric

MoveBench. GraphVid maintains strong structural coherence compared to larger
baselines. Best and second-best are highlighted.

Method

Train

Data

Trainable

Params (B) FID↓ FVD↓ PSNR↔ SSIM↔ EPE↓

Wan-Move [8] 2M 14.5 31.29 252 16.69 0.61 2.2
Tora [60] 630K 5 56.04 369 14.98 0.52 3.5
WISA [49] 80K 1 60.12 341 13.13 0.55 3.9
FlashMotion [31] 23K 13 55.03 311 12.12 0.52 3.9
GraphVid (Ours) 27K 0.6 49.45 291 14.44 0.55 3.0

the lowest EPE among all comparable-scale methods. Since EPE measures how
closely the generated optical flow matches the ground truth, this indicates that
our graph conditioning produces motion that most faithfully follows the specified
interactions. The overall perceptual, reconstruction, and motion gains indicate
that explicitly modeling interaction relationships through a directed scene graph
provides a stronger inductive bias for controllable video generation than relying
on predefined textual (physics-centric) attributes.

We further compare against trajectory-based control methods such as Motion-
I2V [42], MagicMotion [32], FlashMotion [31], and Tora [60]. These approaches
rely heavily on explicit motion signals such as trajectories, optical flow, or seg-
mentation masks. Compared to Motion-I2V, GraphVid reduces FID by 39.9%
(28.32 ↓ 17.02) and FVD by 37.6% (159.32 ↓ 99.42), while improving PSNR
from 9.87 to 15.98 and SSIM from 0.38 to 0.61, indicating substantially better
frame reconstruction and perceptual fidelity. Compared to FlashMotion, a re-
cent trajectory-guided video generation method, GraphVid lowers FID by 10.5%
(19.02 ↓ 17.02) while also achieving stronger reconstruction quality, improving
PSNR from 14.04 to 15.98 and SSIM from 0.56 to 0.61. Compared with Mag-
icMotion, GraphVid reduces FID by approximately 36% (26.57 → 17.02) and
improves temporal consistency. Notably, GraphVid attains a lower EPE (2.9)
than all comparable trajectory-based methods (Motion-I2V 3.9, FlashMotion
3.8, Tora 3.3, MagicMotion 3.2), reducing motion error by 9.4–25.6% without
relying on any explicit motion supervision. These improvements highlight the ef-
fectiveness of modeling scene dynamics through structured interaction reasoning.
Wan-Move [8] achieves the best absolute metrics due to its significantly larger
scale, being trained on approximately 2M videos and using a 14.5B parameter
backbone. In contrast, GraphVid operates with only 0.6B trainable parameters
and is trained on a much smaller 27K interaction-centric dataset. Despite using
approximately two orders of magnitude less training data and →24↑ lower model
params, GraphVid achieves competitive performance, outperforming most prior
controllable methods on reconstruction and motion-accuracy.

A similar trend can be observed in Table 3, which evaluates performance on
the multi-object subset of MoveBench where interaction reasoning becomes
particularly important. In these scenarios, GraphVid improves multi-object in-
teraction quality over other lightweight baselines, with clear relative gains, while
using substantially fewer resources. When compared to models of similar data
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scale, GraphVid achieves the best FID (49.45), improving over the next best
(FlashMotion, 55.03) by 10.1%, and the best FVD (291), improving over the
next best (FlashMotion, 311) by 6.4%; both indicating better perceptual real-
ism and temporal consistency in multi-entity dynamics. GraphVid also achieves
the lowest EPE among comparable-scale methods, confirming that its motion-
accuracy advantage carries over to the harder multi-object setting. On recon-
struction fidelity, GraphVid remains competitive with Tora (best PSNR) and
WISA (best SSIM). Importantly, these gains come with far lower scale. GraphVid
uses 0.6B trainable parameters (≃21.7↑ fewer than FlashMotion and 8.3↑ fewer
than Tora) and trains on 27K clips (comparable to FlashMotion and 23↑ fewer
than Tora), underscoring that interaction-graph conditioning provides strong
multi-object coherence without requiring massive models or data. Appendix C
presents additional results on our interaction-focused DAVIS [38] subset.

5.4 E!ciency and Scalability Analysis
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Fig. 5: Model e!ciency comparison.

Trade-o! between inference throughput
and scale. Bubble size reflects model scale.

Figure 5 plots inference through-
put against model scale. Beyond ac-
curacy, GraphVid o"ers strong ef-
ficiency advantages, achieving the
fastest inference among all compared
approaches at 200 seconds, signifi-
cantly faster than Wan-Move (1800s),
Tora (1200s), and WISA (1000s). This
e!ciency stems from our lightweight
interaction graph conditioning and
LoRA-based integration into the pre-
trained DiT backbone, which avoids
the need for heavy auxiliary motion
encoders or large-scale motion pre-
diction modules. This confirms that
explicitly modeling interaction rela-
tionships through a structured scene
graph provides a powerful and e!cient alternative to trajectory-based motion
supervision. By leveraging interaction-aware graph reasoning, GraphVid achieves
strong controllability and physical plausibility while operating with substantially
lower compute and data.

5.5 Qualitative Analysis

Figure 6 presents representative qualitative results demonstrating that modeling
scene dynamics through GraphVid interaction graphs enables precise and inter-
pretable control over complex multi-entity motion. Examples illustrate diverse
interaction types, including object–object interactions, human–object interac-
tions, and articulated human motion. Across all scenarios, GraphVid preserves
object identity and scene appearance, produces realistic motion trajectories
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1. User Context:  goose on the far
end moves  closer towards
goose near the tree.

2. User Context: goose walks
ahead stepping on the mulch
ring around the tree.

1. User Context:  person attempts
to kick the ball with his leg and
narrowly misses making contact
with the ball.

1. User Context:  person pedals
the bike to move in the forward
direction.

2. User Context: person turns his
head towards his right shoulder
for a moment.

1.

2.

1.

1.

2.

1. 2.

1. User Context:  hand tilts the
cup a bit backward to show the
liquid in the cup.

2. User Context: hand grips the
cup by the handle and helps
support the tilting motion.

Input Image + User
Interaction

Interaction
Context

Generated Video
Frames

Fig. 6: Qualitative results of GraphVid for controllable interaction-based

video generation. Given a single input image and user-specified interaction context,
GraphVid generates temporally coherent video sequences reflecting the desired dynam-
ics. Examples include object-object interactions (geese moving relative to each other),
human-object interactions (kicking a ball, holding a cup), and articulated motion (cy-
cling). The generated sequences demonstrate consistent motion, object preservation,
and faithful execution of user-specified interaction dynamics.

and interaction-consistent behavior, and maintains stable background geometry.
These examples indicate that the interaction-graph interface helps the model
bind motion to the correct entities and combine multiple primitives into coher-
ent multi-step dynamics, something that is typically brittle with purely text- or
trajectory-only controls. Appendix D presents a human preference study, while
Appendix E provides qualitative results across diverse interaction scenarios.

5.6 Ablation Studies

Backbone Generalization. To verify that relational scene graphs serve as a
universal conditioning modality rather than an exploit of LTX’s specific latent

Table 4: Backbone ablation.

Backbone FID⇐ FVD⇐ PSNR⇒ SSIM⇒ EPE⇐
Ours + LTX 17.02 99.42 15.98 0.61 2.9

Ours + Wan 2.2 17.29 100.01 15.70 0.60 3.1

priors, we replace the 2B LTX
backbone with the 5B Wan
2.2 model [48]. When training
with this variant, our edge-
aware GNN and adapter successfully map the topological graphs into Wan’s
latent space, achieving competitive performance (Table 4). This demonstrates
that our graph representation is a backbone-agnostic conditioning signal capable
of guiding scene dynamics across di"erent foundation models.

Table 5: Graph ablation.

#Nodes FID⇐ FVD⇐ PSNR⇒ SSIM⇒
10 17.25 102.04 15.56 0.60
30 17.02 99.42 15.98 0.61

50 17.17 104.97 15.11 0.60
128 17.55 105.45 14.55 0.59
256 17.97 109.92 13.77 0.57

Graph Sparsity and Attention

Dilution. We evaluate the e"ect of
the context window size on the DiT’s
self-attention mechanism by vary-
ing the maximum node capacity. As
shown in Table 5, padding sparse real-
world scene graphs to overly large
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context windows can dilute attention and degrade generation quality. Capping
the graph size at 30 nodes consistently outperforms larger capacities (128/256),
achieving the best FVD (99.42). This suggests that a spatially tighter, denser
node set yields better structural alignment: as the maximum node budget in-
creases (e.g ., from 30 → 256), FID degrades, likely because the additional capac-
ity is dominated by zero-padding rather than informative structure. The result-
ing padded tokens inject noise into attention and dilute meaningful relational
cues, making it harder for the transformer to concentrate on active interactions.
Overall, these results suggest that balanced, densely populated graph represen-
tations provide the strongest conditioning signal, and GraphVid therefore uses
a maximum node capacity of 30 for all experiments.

Conditioning Modalities and Edge Semantics. To evaluate the importance
of structured conditioning and edge semantics, we perform an inference-time
ablation comparing three distinct regimes. Table 6 shows (1) the standard LTX

Table 6: Conditioning modalities.

Variant FID⇐ FVD⇐ PSNR⇒ SSIM⇒ EPE⇐
Text + Img (LTX) 20.04 109.34 11.23 0.53 3.6
Graph (no edge text) 17.52 101.32 16.88 0.60 3.0
Graph (full) 17.02 99.42 15.98 0.61 2.9

baseline, which generates
video using a global text
prompt and an initial im-
age; (2) GraphVid condi-
tioned on the image and
a topology-only graph, where the user provides interaction arrows and overlays
but omits textual edge context; and (3) our full GraphVid approach, utilizing
the image and a complete graph equipped with explicit text context for each in-
teraction edge. While the text-based baseline achieves moderate visual quality,
it struggles to bind localized motion to specific entities (FID 20.04). Replacing
the global text with our topology-only graph improves FID to 17.52, indicating
that explicitly graphing spatial boundaries aids motion localization. However,
without the semantic richness of the textual interaction embeddings, the model
exhibits severe motion ambiguity, failing to distinguish opposing interactions like
“pushing” and “pulling”. The full graph conditioning outperforms both baselines,
reducing FID to 17.02 and FVD to 99.42. These results suggest that graph topol-
ogy alone provides useful spatial grounding, while semantic edge labels supply
additional interaction intent that helps disambiguate object relationships and
improve motion generation.

Table 7: Ablation on LoRA rank.

Rank FID⇐ FVD⇐ PSNR⇒ SSIM⇒
16 18.34 103.18 13.70 0.58
32 17.89 102.39 14.51 0.60
64 17.53 100.99 15.25 0.60
128 17.02 99.42 15.98 0.61

LoRA Rank and Capac-

ity Trade-o"s. We inject
low-rank adaptation (LoRA)
matrices into the transformer
blocks to modulate the pre-
trained weights with our
graph conditions. In this ab-
lation, we study the e"ect of the LoRA rank on generation quality and re-
construction fidelity. As shown in Table 7, increasing the rank consistently im-
proves performance across all metrics. Moving from rank 16 to 128 reduces FID
from 18.34 to 17.02 (–7.2%) and FVD from 103.18 to 99.42 (–3.6%), indicating
better perceptual quality and temporal coherence. At the same time, recon-
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struction metrics improve substantially, with PSNR increasing from 13.70 to
15.98 (+16.6%) and SSIM from 0.58 to 0.61 (+5.2%). These results suggest that
higher-rank adapters provide greater representational capacity to capture com-
plex motion and appearance variations, leading to more faithful and temporally
consistent video generation. Rank 128 is used in all the reported experiments.

6 Conclusion

We introduce GraphVid, a framework for controllable image-to-video genera-
tion that represents scene dynamics through directed interaction graphs. Unlike
prior approaches that rely on dense motion signals or low-level physics anno-
tations, GraphVid models motion as structured interactions between entities,
enabling intuitive multi-object control directly from a single image. By inte-
grating Edge-Aware Graph Reasoning with a frozen video di"usion transformer
through parameter-e!cient LoRA conditioning, GraphVid preserves strong pre-
trained generative priors while enabling structured control over scene dynam-
ics. To support this paradigm, we also curate GraphVid-Bench, a dataset
of 27K interaction-centric videos paired with explicit interaction graphs, pro-
viding supervision for learning relational video dynamics. Experiments show
that GraphVid matches or outperforms prior controllable video generation meth-
ods while using far fewer parameters and training data, highlighting interaction
graphs as a scalable interface for controllable video generation.
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